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CHAPTER 1
LITERATURE REVIEW
1.1 Introduction
Leaves play a central role in a plant’s adaptation for competitive
survival. Adaptations in leaf form influence several aspects of plant function,
such as thermoregulation (Gates, 1968), efficiency of water use (Parkhurst and
Loucks, 1972), and photosynthetic potential (Cunningham and Strain, 1969).
Due in part to their variety of functions, leaf shape is variable.
Leaf shape variation occurs at every hierarchical level: within and
between individuals, populations, and taxa (Dickinson et al, 1987). Leaf shape
variation within individuals (heterophylly) may occur as part of the
developmental pattern of the individual (Poethig, 1990), or as the result of
contrasting environmental conditions during development, e.g. between the
leaves of emergent and submergent shoots of Ranunculus flabellaris (Young et
al, 1995). Differences in leaf shape among populations can be induced by
different environmental conditions (Waisel, 1959; Lewis, 1969; Thomas and
Bazzaz, 1996) but can be the result of both genetic divergence among
populations and of acclimative responses to local environments (Gurevitch,
1992).
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1.2 Methods of Leaf Shape Analysis
The leaf blade has been examined extensively in taxonomic studies.
Two aspects are of particular importance: the shape of leaf blade and the
internal architecture (leaf venation) (Hickey, 1973; Melville, 1976).
Quantitative analysis of shape is used in systematics (Dickinson et al., 1987)
and paleobotany (Burnham, 1986), where leaf shapes have diagnostic value.
They are also used in developmental studies where the focus is on the shape
development as the leaf matures (Jones, 1993; Young et al., 1995).
Venation pattern of fossilized and modem leaves was used in a study to
interpret the distribution of Cercocarpus species in Southern California
(Searcy, 1969). When investigating the quantitative and qualitative expression
of fem development, the number of branches of the midrib proved to be the
most successful discrimination between the fertile and sterile populations
(Sato, 1985). The growth and the dissymmetry of the vein system of
Tropaelum leaf were described by Buis et. al. (1995).

Leaf shape has been studied in many species using a variety of
techniques. In the past, leaf shape was usually described by reference to wellknown plants or forms (e.g. ovate, lanceolate). The use of most of the
descriptive terms has been standardized (Systematics Association Committee
for Descriptive Biological Terminology [SACBT], 1969). However, for many
types of studies in taxonomy and paleobotany, quantitative studies are more
useful.
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Quantitative studies of leaf shape variation often employ measurements
of only a few dimensions (e.g. leaf width and length) and the ratios of these
measurements (e.g., Phillips, 1983; Parker and Maze, 1984; Goesler and Kelly,
1994). Another quantitative approach uses the ratio of leaf perimeter to the
square root of leaf area (Thomas and Bazzaz, 1996). The limitation of such
methods is that they oversimplify shape description and are unable to
distinguish subtle differences.
Another frequently used technique for shape analysis utilizes measured
distances between a set of points on the leaf outline. The measured distances
then are subjected to multivariate statistical methods (most often discriminant
analysis and principal component analysis). The linear measurements on the
outline are taken between corresponding points, called landmarks (Strauss and
Bookstein, 1982; Dickinson et al., 1987). When the contour does not offer
enough landmarks for measurements, several pseudo-landmarks have to be
defined (Dickinson et al., 1987). Pseudolandmarks are defined by specifying
their positions on the structure in relationship to each other and to other
landmark(s) present, according to a set of constant rules.
Principal component analysis (PCA) is concerned with explaining the

variance-covariance structure of the data through a few linear combinations of
the original variables and thus reducing the complexity of the data structure of
p variables: Xi, X2,....XP (using the example above, these variables can be the
linear measurements). A principal component is the linear combination of
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these variables. For example, the first principal component (Yi) is the linear
combination:
Yi=anXi+.+apiXp

(1)

Geometrically, these linear combinations represent the selection of a new
coordinate system obtained by rotating the original system with Xi, X2,....XP as
the coordinate axes. The new axes represent the directions with maximum
variability and provide a simpler description of the covariance structure. (The
calculation of coefficients an: they are the elements of the eigenvector
associated with the greatest eigenvalue of the sample covariance matrix.)
(Johnson and Wichem, 1992).
When principal component analysis was applied to linear measurements
on leaf outlines, it was found that the first few principal components could
usually account for most of the total variance of the data. For example, the leaf
shape of Ranunculus flabellaris was described by PCA using 9 linear
measurements on the outline of the leaf. It was found that the first principal
component accounted for 92.7% of the total variance of the data, and the
second principal component accounted for 2%. Therefore, leaf shape (and the
effect of environmental and hormonal factors on shape) was described using
these two principal components (Young et al., 1995). Other developmental
studies employed similar approach to describe the growth patterns responsible
for differences between the mature flowers of two closely related species
(Kampny et al., 1993), shape variation of leaves in different morphs of Begonia
dregei (McLellan, 1993.) and differences between the developmental patterns
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of two subspecies of Cucurbita argyrosperma (Jones, 1993). A multivariate
morphological study of the genus Cardamine determined to which degree
chromosomal variability is correlated with morphological differences
(Marhold, 1996). Multivariate studies of leaf variation used linear
measurements on the leaf outline of Crepis tectorum (Anderson, 1991) and
Crataegus crus-galli (Dickinson and Phipps, 1985).
Discriminant analysis describes the differential features of observations

from several populations. It determines a function(s) that maximizes the
differences between the pre-defined populations. Each discriminant function is
a linear combination of the original variables (Xi,X2,....,Xp):
Yi=1hXi+112X2+.+ lipXp

(2)

The classification of a new observation into one of the populations is
possible using this function (Johnson and Wichem, 1992). Discriminant
analysis of modem taxonomic groups of Ulmoideae was used to classify fossil
specimens (Burnham, 1986).
Fourier transform is another method that was employed for leaf shape

analysis. It was used for describing leaf shapes of Viola (Kincaid and
Schneider, 1983) and Begonia (McLellan, 1993).
To briefly describe this method we have to consider the outline of a leaf
as if it were a function f(x). A periodic function can be represented as the sum
of cosine and sine functions:
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f(x)= ao + ai cosx + bj sinx + a2 cos2x + b2 sin 2x +.=
= ao + X ( ak cos kx + bk sin kx)

(3)

The Fourier series of a periodic function concerns only those sine and cosine
functions that are integer multiples of the base frequency (e.g. sin2x, cos2x).
The information that distinguishes one Fourier series from another is contained
in the Fourier coefficients (ao, ai,..).
If the function f(x) is not periodic, but decreases sufficiently fast at infinity
so that the area under the graph is finite, it is still possible to describe it as a
sum of sines and cosines. But now the sum would include all frequencies not
just multiples of a given fundamental frequency. The expansion is then called a
Fourier integral (Weaver, 1989).
In the application of Fourier analysis to leaf shape, it was shown that
even for the most complicated shapes, the first 32 coefficients were enough to
describe the original shape (Kincaid and Schneider, 1983). Using these 32
coefficients, it was also possible to reconstruct the original shape. Thus
Fourier analysis can reduce the complexity of a leaf outline into 32
coefficients. The coefficients were subjected to the analysis of variance to test
differences between leaf shapes in the study of Kincaid and Schneider (1983):
they considered leaves differing significantly in their shapes if the normalized
magnitudes of the coefficients were different in a two-way ANOVA test
(Kincaid and Schneider, 1983).
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1.3 Agricultural Applications of Shape Analysis
Weed control could be maintained with a reduction in herbicide use, if
herbicides were applied properly. Recently, a system has been reported that
sprays herbicides only on areas where an optical sensor detects green subjects
on the soil. However, this sensor is not capable of distinguishing different plant
species. To address this problem, a machine vision system was developed to
identify weeds commonly found in Kansas wheat fields (Zhang and
Chaisattapagon, 1995). This system uses three different approaches for weed
identification: color analysis, shape analysis and texture analysis.
Broadleaf weeds are commonly controlled with post-emergence
herbicide treatment, so an image analysis that could distinguish plant species at
the early stages of their development would be helpful in weed control.
Machine vision applications for automated inspection and sorting of fruits
and vegetables is another field of applying shape analysis. The determination
of the shape of bell peppers (Wolf and Swaminathan, 1987) and shape grading
of potatoes (Tao et al., 1995) has been reported recently.
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CHAPTER 2
OBJECTIVES
Data acquisition for linear measurements between landmarks on an
object’s outline is relatively simple (Dickinson et al., 1987). Applying Fourier
analysis in shape description has the advantage that this technique is not
restricted to outlines with landmarks (Kincaid and Schneider, 1983). In this
thesis another method, wavelet analysis was tried for leaf shape description.
The objective of the thesis was
1. To utilize wavelet transform in leaf shape description and use
wavelet coefficients in principal component and discriminant analysis to
separate different species according to their leaf shape.
2. Use the method of linear measurements (see 1.2) for leaf shape
description and compare its effectiveness to wavelet transform.
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CHAPTER 3
WAVELET ANALYSIS

Wavelet analysis is a rapidly developing new mathematical technique.
It offers another way to analyze a function. It has been used mainly in
technology, e.g. in remote sensing and telecommunications (Hunt et al.. 1993).
It is similar to Fourier analysis in that it also relates a function (to be analyzed)
to a set of basis functions. In case of Fourier analysis, these basis functions
were the sine and cosine functions.
In wavelet analysis a linear combination of wavelet functions are used
to represent a given function. Wavelets are basis functions, the fundamental
building blocks, analogous to the sine and cosine functions in Fourier
transform. The difference between the Fourier and wavelet transform is that in
wavelet transform the basis functions have a localized oscillator.' form so that
unlike sine and cosine functions, the oscillations for a wavelet damp down to
zero ‘Figure 1).
There are tw o different types of w avelet functions. One type, called father
wavelet, to (t)). integrates to one. This function is good at representing the
smooth parts of the function. The other type, called mother wavelet (p(t)),
integrates to 0, and is good at representing the details of the functions
(Figure 2). Only very special pairs of wavelet functions

(o (t), <p(t)) result in

an orthogonal w avelet series approximation. These special pairs must satisfy
certain mathematical conditions (Daubechies. 1992).
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Wavelet analysis sums up the dilated and translated versions of the
basis wavelet functions (<\>
f(t) = Z

Sj,K <j)j,K(t)

+Z

(t), cp(t))

dj,K CpJ.K

to represent a given function:

(t) + Z

dj-i,K CpJ-l.K(t)

+...+ Z di,K(Pl^(t)

(4)

In discrete wavelet transform, a wavelet is translated and dilated only
by discrete values. Most often dilation is by a power of

2: cpj,k(t) = cp(2jt

+ k),

where j and k are whole numbers. As the mother wavelet is dilated, it
oscillates faster and is better in representing the finer details of the original
function. This means a finer approximation (higher resolution) of the original
function. Wavelet representation can act like a “mathematical microscope”
with variable position and magnification (Hunt et. al., 1993). A function at a
given resolution contains all the information of the original function at coarser
resolution. The coefficients

Sj(k, dj.k,...

are the wavelet transform coefficients.

Their magnitude gives a measure of the contribution of the corresponding
wavelet function to the approximating sum.
The discrete wavelet transform of S+WAVELETS statistical software
calculates the coefficients of the wavelet series approximation for a discrete
signal. The discrete signal is obtained by sampling the continuous time signal
at a sampling interval. The coefficients are ordered from coarse to fine scales.
A set of coefficients on the resolution level is called a crystal.
Two-dimensional wavelets are used in applications involving images
and matrices. There are four different types of two dimensional wavelets: one
is good at representing the smooth parts of the original two dimensional
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function (f(x)), and the other functions represent the vertical, horizontal and
diagonal details of the original function.
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CHAPTER 4
MATERIALS AND METHODS
4.1 Wavelet Analysis of the Leaf Outlines
Leaf samples at the Herbarium of the University of Massachusetts at
Amherst were used. Specimens of Ulmus (Ulmus alata, Ulmus americana and
Ulmus rubra) and Crataegus (Crataegus marshallii and Crataegus monogyna)

were photocopied and the photocopied leaf images were scanned using Adobe
Photoshop 3.0. For each species, 3 different specimens, and at least 3 leaves
of each specimen were used. Each leaf outline was traced using dataThief.
This program reads the x,y coordinates of points as the cursor is moved along
the outline. For each leaf, the x-axis was considered to be the line that
connects the leaf tip and the petiole attachment point; and the origin (0,0) was
the leaf tip. The x,y coordinates of the points along the outline of each leaf
were used as input data for two-dimensional wavelet transform. S-PLUS and
S+WAVELETS statistical softwares were used for the wavelet transform and
for further statistical analysis. The two-dimensional wavelet transform
(dwt.2d) function maps the coordinates of the given points into a set of wavelet
coefficients. For the wavelet transform, the Haar wavelet (Figure 3) was used.
Each set of coefficients consists of several crystals. Each crystal gives
information about the data set at a different resolution level.
Differences between leaf shapes were examined using wavelet coefficients
in a multivariate ANOVA test. Wavelet coefficients were also subjected to
discriminant analysis and principal component analysis to examine if wavelet
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coefficients can be used effectively to separate species. Figure 4 shows the
methods used above.

4,2 Linear Measurements
A frequently used method for leaf shape description is measuring linear
distances along the outline (see 1.2). For the purpose of these measurements,
six simple shapes were drawn (Figure 5). Shapes B-F were drawn with
different modifications of shape A. For linear measurements along each
outline, the line between the tip and the base was divided into 5 equal parts. At
each point a perpendicular was set. Each perpendicular intersects the outline at
two points. These points were connected as shown in Figure 6.
Distances between the points on each outline were measured and were
used in the ANOVA test, discriminant analysis and principal component
analysis, as shown in Figure 7.
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CHAPTER 5
RESULTS
Converting the x,y coordinates of a leaf outline into a set of wavelet
coefficients encodes successfully the information about leaf shape: the
reconstruction of the original leaf shape is possible from the wavelet
coefficients. Figure 8 shows the outline of an Ulmus leaf as read by dataThief,
and Figure 9 displays the picture reconstructed from the wavelet coefficients.
The density and the location of the x,y coordinates along the outline
depends on how the cursor was moved along the outline of the leaf images.
Around 300 points were read on the outline of a leaf image with width of 2.5
cm and length of 6 cm using dataThief. To check if different sets of coordinate
points of the same leaf image differs significantly, x,y coordinates along the
outline of a leaf image were read three different times and the three different
sets of coordinates points were used in a two-dimensional wavelet transform.
Coefficients from the wavelet transform that were larger than 3 were used in a
multivariate ANOVA test (Table 1). The results of this test did not show
significant difference between the three leaves. Based on this result, each leaf
outline was traced only once, and the resulting x,y coordinates were used in
further statistical analysis.
Table 2 shows the typical result of a two-dimensional wavelet
transform: the minimum and the maximum values of the wavelet coefficients
in each crystal. The coefficients in crystals dl-sl and dl-dl were very small.
with their values usually around 0. The other two crystals (sl-dl and si-si)
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have coefficients with larger values. Only coefficients in these two crystals
(sl-dl and si-si) were used for further statistical analysis. To further reduce
the number of coefficients, only coefficients that were larger than 3, were used
in discriminant analysis, principal component analysis or in the ANOVA tests.
A wavelet coefficient is described by its magnitude and position. For each set
of leaves, wavelets of the same position were selected and compared. In some
cases using only coefficients that were larger than 4 or 5 further reduced the
number of coefficients. If a set of wavelet coefficients of one leaf did not have
a coefficient in a position that others did, it was considered to be zero.
The collection of leaves that was used in this work consisted of two sets of
leaves. One set had three Ulmus species (Ulmus alata, Ulmus americana and
Ulmus rubra). The other set had two different Crataegus species (Crataegus
marshallii and Crataegus monogyna). First, two dimensional wavelet

coefficients were calculated for each leaf image.
To examine shape differences within a plant of Ulmus alata, wavelet
coefficients that were larger than four were used in a multivariate ANOVA
test. According to this, there was a significant difference between the sets of
wavelet coefficients (Table 3). Although by human eyes the leaves that were
used in this test were very similar, using wavelet coefficients of the outlines in
a multivariate ANOVA test detects differences.
Wavelet coefficients (that were bigger that 5) from the two-dimensional
wavelet transform of the leaf images of three Ulmus species (9 leaves of each
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species) were used in principal component and discriminant analysis. Principal
component analysis was used for three sets of wavelet coefficients:
A/ coefficients of the si-si crystal
B/ coefficients of the si-dl crystal
C/coefficients of both sl-sl and sl-dl crystal.
The graphical output for A is shown in Figure 10, for B in Figure 11,
and for C in Figure 12. Letter a indicates Ulmus alata, b Ulmus americana, and
c Ulmus rubra. Using principal component analysis, species separation was
not successful. When using any of the sets of coefficients (A, B or C), the
linear discriminant function of S-PLUS could not separate the data into three
distinct groups: lii,li2,_Jip,l2i,122,_,l2P were found to be zero.
The results were somewhat different when leaves of the two Crataegus
species were used. Principal component analysis was again used for three sets
of wavelet coefficients (that were larger than three):
A/ coefficients of the sl-sl crystal
B/ coefficients of the sl-dl crystal
C/coefficients of both sl-sl and sl-dl crystal.
The graphical output for A is shown in Figure 13, for B in Figure 14, and for (’
in Figure 15. Letter a indicates Crataegus monoxyna, letter b indicates
Crataegus marshallii. This time, species separation was successful when any
of the sets of coefficients described above (A, B or C) was used. I lowever,
when using any of the three sets of coefficients (A, B or ( ), the linear

I f,

discriminant function of S-PLUS could not separate the data into two distinct
groups: li 1J12,—4iP,l2i,l22,—,l2P were found to be zero.
Another objective of the thesis was to use measured linear distances along
the outline of the leaf images and use these measurements in principal
component and discriminant analysis. As described in m.2., 6 different
simple shapes (Figure 3) were used for this analysis. On each outline, 26
measurements were taken. The graphical output of principal component
analysis is shown in Figure 16. Letters a-f correspond to shapes A-F.
According to this figure, shapes a and b are close to each other. When linear
measurement were used in the linear discriminant function of S-PLUS, all
I11J12,—,liP,l2i,l22,—,l2P were found to be 1038.
In addition, each outline (A-F) was traced using dataThief and the x,y
coordinates were subjected to two-dimensional wavelet transform. Twodimensional wavelet coefficients of si-si and sl-dl crystals (that were bigger
than four) were used in principal component analysis (Figure 17) and
discriminant analysis (Figure 18). The figure of this analysis have shapes bf,a
and d grouped close to each other, while shape e and c are far from this group
(and each other).
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CHAPTER 6
DISCUSSION

The usual approach to statistical shape analysis involves two successive
steps:
1. The shape to be analyzed is transformed (or measured) into a small number
of parameters reflecting the interesting features of the shape.
2. Statistical analysis of the parameters.
Wavelet coefficients that were gotten when the x,y coordinates of leaf
outlines were subjected to two-dimensional wavelet transform, contain enough
information about the outline, so that the reconstruction of the original image is
possible from the coefficients. Using wavelet coefficients, it is possible to
reconstruct such fine details as the serration of the leaf blade. When processing
a set of Ulmus and a set of Crataegus leaf outline by wavelet transform,
species separation by principal component analysis was possible only in case of
Crataegus leaves. The leaves of the Ulmus species that were used in this thesis

have very similar leaves, so their identification usually involves other features
of the plant than leaf shape. Identification of the Crataegus species according
to their leaves is an easier task, so this accounts for the differences in the
success of species separation when wavelet coefficients were used in principal
component analysis.
Separation of the species according to their leaf shapes was not possible
with either species when wavelet coefficients were processed by the linear

18

discriminant function of S-PLUS. This might have resulted from the fact that
discriminant analysis uses least square method (as opposed to principal
component analysis, that calculates the eigenvectors and eigenvalues of the
data matrix).
Wavelet coefficients could be used in principal component and
discriminant analysis to group the six different shapes of Fig.3. Principal
components and linear discriminant functions could be calculated by S-PLUS.
Using linear measurements in principal component and linear
discriminant analysis was limited in this experiment, as the results were
reasonable only in case of principal components. The outcome of the
discriminant analysis using linear measurements along the shape outline
showed that there was not enough discriminatory information in the linear
measurements. In addition, it is not possible to reconstruct the outline from
linear measurements in such a fine-detailed way, as with wavelet coefficients.
Wavelet coefficients could be used more successfully compared to the more
traditional method of linear measurements.
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Example of a wavelet function

Figure 3
Haar wavelet
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Figure 4
Six simple shapes (used in 4.2)
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leaf outline
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x, y coordinates
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wavelet
coefficients

o ANOVA
discriminant analysis
principal component
analysis
Figure 5
Summary of methods used in 4.1

Figure 6
Linear measurements taken on the leaf outlines
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leaf outline

O

linear
measurements

principal component
analysis

Figure 7
Summary of methods used in 4.2

22

Outline of an Ulmus leaf as read by dataThief
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Outline of an Ulmus leaf as reconstructed from wavelet coefficients
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Principal component analysis of si-si crystal wavelet coefficients of Ulmus leaf outlines,
a - Ulmus alata, b - Ulmus americana, d - Ulmus rubra
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Principal component analysis ot sl-sl crystal wavelet coefficients of Crataegus leaf outlines.
a - Crataegus monogyna, b - Crataegus marshallii
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a - Crataegus monogyna, b - Crataegus marshallii
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Table 1.
Multivariate ANOVA test of wavelet coefficients of Ulmus leaf outlines.
Testing differences between tracings of the same leaf

Leaf
Crystal
Coefficient
Residuals

Df
2
1
85
427

Sum of Sq
1.2436
48.7660
38.2349
391.0377

Mean Sq
0.62179
48.76600
0.44982
0.91578

F Value
0.67898
53.25079
0.49119

Pr(F)
0.5076

0.0000
0.9999

Table 2.
Results from two dimensional wavelet transform
Minimum
0.024
-0.033
-0.045
-0.060

crystal
sl-dl
dl-sl
dl-dl
sl-sl

Maximum
5.662
0.054
0.045
5.232

Mean
2.318

0.000
0.000
2.443

SD
1.820
0.013
0.014
1.746

Energy%
0.491

0.000
0.000
0.059

Table 3.
Multivariate ANOVA test of wavelet coefficients of Ulmus leaf outlines.
Testing differences between leaves of the same plant

Leaf
Crystal
Coefficient
Residuals

Df
2
1
155
777

Sum of Sq
792.304
192.264
1277.603
907.178

Mean Sq
396.1518
192.264
8.2426
1.1675

34

F Value
339.3049
164.6745
7.0598

Pr(F)
0
0
0
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